ABSTRACT: Identifying sand provenance in depositional aeolian environments (e.g. dunefields) can elucidate sediment pathways and fluxes, and inform potential land management strategies where windblown sand and dust is a hazard to health and infrastructure. However, the complexity of these pathways typically makes this a challenging proposition, and uncertainties on the composition of mixed-source sediments are often not reported. This study demonstrates that a quantitative fingerprinting method within the Bayesian Markov Chain Monte Carlo (MCMC) framework offers great potential for exploring the provenance and uncertainties associated with aeolian sands.
Introduction
Identifying and quantifying the source(s) of aeolian sediments is a long-standing challenge for geoscientists, and yet such information is often of crucial importance in understanding sediment fluxes at a range of scales. As well as providing fundamental knowledge on long-term landscape evolution (Pell et al., 1997) , aeolian provenance studies have been used to elucidate past wind regimes and palaeoclimates (Nanson et al., 1995) , investigate hazardous dust transport pathways (Yang et al., 2007; Pethierick et al., 2008) and inform studies of the palaeoclimatic record of the Antarctic ice-core dust record (Delmonte et al., 2004 (Delmonte et al., , 2010 . The challenges with the task arise not just from the diverse range of potential sources for aeolian sands and dusts (e.g. geological or lithological units, soil units, land use types and geomorphological landscapes), and the long transport distances which may be involved (on the order of 10-10 2 km for aeolian sand and 10-10 3 km for aeolian dust), but also the potential complexity of transport pathways (Huntsman-Mapila et al., 2005) . Before deposition at its current location, an aeolian sand grain may have been through multiple cycles of fluvial, aeolian, lacustrine and/or colluvial deposition and subsequent mobilization. Aeolian sands, therefore, rarely retain an easy-to-interpret signature of their origins.
The use of geochemical fingerprinting methods to determine sediment provenance has progressively increased since the late 1990s (Walling, 2013) . Application has been focused most widely on fluvial contexts (Haddadchi et al., 2013) wherein recent work has highlighted the need to pay attention to challenges in signature development and tracer behavior (Koiter et al., 2013) . Sediment fingerprinting involves the identification, quantification and statistical testing of a range of source material properties capable of discriminating between potential sediment sources with a view to improving knowledge of sediment source and transport processes (Collins et al., 2016) . These properties may include geochemical characteristics (Douglas et al., 2009; Lin et al., 2015) , radionuclide concentrations (Wilson et al., 2012) , mineralogy (Pittam et al., 2009) , geochronological data (principally U-Pb dating of detrital zircons; e.g. Pell et al., 1997; Garzanti et al., 2013) , biomarkers (Chen et al., 2016) and colour properties (Martínez-carreras et al., 2010) . Although sediment fingerprinting studies of aeolian sands are not new (Wasklewicz and Meek, 1995; Winspear and Pye, 1996; Pell et al., 1997; Liu et al., 2016; Muhs et al., 2017) , challenges remain in adequately capturing the uncertainties associated with the diverse sources and pathways that may exist, and adoption of techniques developed in different disciplines offer a route forward. It is noteworthy that in a recent review discussing applications of sediment source-tracing methods (Owens et al., 2016) , mention of aeolian sedimentation is limited to health science studies of PM2.5 and PM10 material. The opportunity to utilize these approaches in aeolian process science remains largely overlooked.
In recent years, increasing attention has been directed to the uncertainty of the results generated by sediment source fingerprinting. It is important that such uncertainty is recognized, particularly if the results are to be used to target investment in sediment control measures (Mukundan et al., 2012) . The factors contributing to uncertainty in estimates of source apportionment are manifold and diverse, and have been reviewed elsewhere Koiter et al., 2013; Collins et al., 2016) ; here we consider some of the differences between the fluvial setting of most sediment fingerprinting studies, and the aeolian context considered here. Many uncertainties remain the same -for instance, instrumental precision. Other aspects of the aeolian entrainment, transport and depositional system, however, differ markedly from fluvial settings. Owing to the dominance of gravity in controlling -and directing -slope and fluvial processes, and the (usually) confined nature of fluvial systems, erosion and entrainment of sediment from catchments is highly directionallycontrolled. In an aeolian context, there is more scope for spatially extensive direct entrainment of sediment, and also more potential for directional variability, and this complex mixing environment may in turn lead to increased covariance between properties used to derive the fingerprint. In addition, such complexities cannot be considered static, as variations in wind regimes over long timescales may lead to changes in these pathways.
In order to quantify the uncertainty associated with mixing models related to this inherent variability in the source area and sediment mixture data, some recent studies have explored the use of Monte Carlo simulations (Motha et al., 2003; Walling et al., 2008; Collins et al., 2012b Collins et al., , 2013 Gellis & Noe, 2013; Voli et al., 2013; Wilkinson et al., 2013; Smith & Blake, 2014; Stone et al., 2014; Sherriff et al., 2015; Vale et al., 2016) . More recently, Bayesian mixing models being employed more comprehensively translate component uncertainties into source apportionment results (Cooper and Krueger, 2017) with several examples undertaken in hydrological contexts (Fox & Papanicolaou, 2008; Cooper et al., 2014 Cooper et al., , 2015 Nosrati et al., 2014; Stewart et al., 2015) . To date, however, such approaches have not been used within aeolian sedimentary contexts.
The sophistication of aeolian sediment provenance studies currently lags those in the fluvial sphere, and the main aim of this paper is to demonstrate the viability of fingerprinting methods for aeolian sediments, including the estimation of uncertainty, associated with the contributions from different geological units as potential sources for a small dunefield, Ashkzar erg, in the Yazd-Ardekan Plain, central Iran, using a Bayesian mixing model. Ashkzar erg and its surrounding potential sources cause many serious problems related to wind erosion and associated on-site and off-site effects, with potential impacts on the health of the occupants of the neighbouring city of Yazd (Naddafi et al., 2006) . Aeolian deflation is a major erosional process on the Yazd-Ardekan Plain and large amounts of aeolian sediment are often transported to residential regions by wind (Amiraslani and Dragovich, 2011) . Therefore, quantifying sediment source contributions to the Ashkzar sand dunes could help to select the best management strategies at this location and others similarly affected by aeolian erosion. Additionally, the findings are considered in their geomorphological context with the aim of explaining the spatial variability in sediment provenance observed at Ashkzar erg.
Materials and Methods

Field location
is an arid plain in central Iran, and includes different geomorphic landscapes, such as the Ashkzar and Yazd ergs (Figure 1 ). The Yazd-Ardekan Plain is surrounded by mountain ranges. These are Shirkooh in the south, Ahangaran and the Margh Zard Mountains in the west, Haft Adamin and Khoonzad Mountains in the east and Chak Chak Mountain in the north. The area of the plain is~2900 km 2 , and it consists of 78% Quaternary alluvial fans and terraces (Qt 2 geological unit), 13% clay flats (Qc geological unit), 7% Eocene gypsiferous marl (Egm geological unit) and 2% sand dunes (Qsd geological unit) (Figures 1 and  2 ). About 93% of Yazd-Ardekan Plain is thus covered by Quaternary deposits. Active and stabilized sand dunes in the Ashkzar erg occupy 58 km 2 (centred on 32°1 0 N, 54°10 0 E), which is dominated by barchans and transverse barchanoid ridges (Figure 3) . The erg has a sparse but extensive cover of Haloxylon persicum, a species which is both endemic to the region, and is also used to stabilize mobile sand (Amiraslani and Dragovich, 2011) . Based on 50 years of climate data at Yazd Meteorological Station, minimum and maximum annual temperatures are À16°C and 46°C, respectively. Long-term mean rainfall and annual evaporation in the study area arẽ 60 mm/year and~3500 mm/year respectively. According to annual wind roses, dominant winds on the Yazd-Ardekan Plain are mainly from the north and west (Figure 1(C) ).
Sampling and laboratory analysis
The geological units that were identified as potential sources for sand dunes (Qsd formation) are the Qt2 (Quaternary alluvial fans and terraces), Qc (Quaternary clay pans and flats) and Egm (Eocene marls) formations. Other surrounding lithologies in the vicinity are hard, igneous exposures and can be discounted from generating substantial quantities of deflatable sediment. In this study, spatially distributed source samples were taken from 49 sites, covering the Egm (n = 8), Qc (n = 18) and Qt2 (n = 23) potential sources, and eight sediment samples were collected from the Ashkzar sand dunes (Figure 1(D) ). Samples were collected from the upper 0-5 cm depth of potential sources (that is, the layer of the regolith exposed to current aeolian entrainment) and sand dunes (that is, the layer of the regolith most recently deposited); this is similar to sampling strategies employed by other provenance studies of aeolian dunes (Pell et al., 1997) , and is in accordance with common earth science protocols (Owens et al., 2016) . Within each source area, sample selection was based upon locations that were: (a) clearly derived from the geological unit in question; (b) selected to ensure broad spatial coverage of the source area; and (c) clearly influenced by aeolian erosion (e.g. the presence of deflatable unvegetated sand surfaces with ripples, as well as yardangs of a range of scales). Sample numbers were chosen to ensure a balance between the greater spatial extent of the Qt2 unit (i.e. sampling was stratified), while maintaining a minimum of eight samples for the smaller Egm and Qc units. The spatial location of sampling sites is shown in Figure 1 (D).
All sand dune and potential source samples were dry sieved for particle size data, and to isolate the 62.5-150 μm fraction for further geochemical analysis. This fraction was chosen as it represents the dominant fraction in each of the dune samples (Table I) , and is of a size range susceptible to aeolian transport (while excluding any contribution of larger grains from local sources, either by aeolian creep or other transport processes). Concentrations of elements including major, trace and rare earth elements (REE) were determined using ICP-MS, after direct digestion with aqua regia (Collins et al., 2010 (Collins et al., , 2012a ; and concentration of strontium and neodymium isotopes measured by ICP-MS, after digestion with a mixture of HNO 3 + HClO 4 + HF (3:2:1) (Honda et al., 2004; Rao et al., 2011) . The relative standard deviation (%RSD), based on three replicates for each determinant on each sample, was consistently ≤4%. With regards to REE concentrations, eight REE ratios including ∑REE, Nd/Yb, Eu/Eu * (Europium Anomaly), (La/Lu) n , (La/Sm) n , (Gd/Yb) n , (La/Yb) n and δCe (Cerium Anomaly) were calculated (Daga et al., 2008; Dou et al., 2010; Rao et al., 2011) . In total, 61 tracers were used to fingerprint the sediments of the YazdArdekan Plain. Table I . Grain size data for the source areas, the dunefield, and individual samples from within the dunefield Grain size (μm) <62.5 62.5-150 150-300 300-600 600-1180 1180-1700
Mean Eocene marl (Egm) source (% ± 1σ) 3.0 ± 1.4 40.2 ± 10.6 20.0 ± 6 15.1 ± 4.2 15.6 ± 6.7 6.1 ± 5 Mean Quaternary clay flat (Qc) source (% ± 1σ) 3.1 ± 1.3 29.4 ± 9.2 21.8 ± 5.6 19.0 ± 3.9 19.7 ± 8.1 6.9 ± 4 Mean Quaternary terrace/fan (Qt2) source (% ± 1σ) 2.2 ± 2.3 34.7 ± 7.3 20.4 ± 5.6 17.1 ± 3.9 19.3 ± 5.3 6.4 ± 2 Mean Ashkzar erg dune sands (% ± 1σ)
1.1 ± 0.9 47.8 ± 9.3 29.7 ± 8.4 17.4 ± 13.9 3.4 ± 5.4 0.6 ± 1. 
Discrimination of aeolian sediment sources
We employed a two-stage statistical method proposed by Collins and Walling (2007) to characterize the composite fingerprint for the sources of the sands of the Ashkzar dunes. In stage one, all individual fingerprint properties were tested for their ability to distinguish source types, using the KruskalWallis H-test. Properties with critical values at the 95% level of confidence could be used in a composite fingerprinting model to discriminate between sources types. In stage two, stepwise discriminant function analysis (DFA) was employed to identify the optimum composite fingerprint model from the properties selected in stage one. The stepwise DFA based on the minimization of Wilk's lambda was used to select optimum composite fingerprint. The F values were used as the test criteria to enter and remove elements. The threshold of F value for entering and removing elements was set to 3.84 and 2.71, respectively (Vale et al., 2016) .
Bayesian mixing model
End-member mixing models have taken a variety of approaches to account for uncertainty in the mixing model (Cooper and Krueger, 2017) and some (Brewer et al., 2005; Fox & Papanicolaou, 2008 ) have adopted hierarchical Bayesian models, which we adopt here. Within the mixing model formulation, we assume that, for each source s, the sample i tracer composition, x, has a multivariate normal distribution as follows:
where n x , s indicates the number of samples of source s; μ S is an A-dimensional vector representing mean fingerprints for source s; ∑ s represents an (A × A) dimensional covariance matrix for source s. There are n z sediment samples for which A fingerprints were measured for each sample Z j ¼ z j 1 ; …; z j A T ; j ¼ 1; …; n z and these fingerprints have multivariate normal distributions:
Each source s has a fractional contribution p j s to each sediment sample j. The contribution of source types for each sediment sample is equal to p j s y j s , where y j s is an unobserved (latent) variable that follows the same distribution as X i s .
Each fractional contribution must be between zero and one, positive and all of them must sum to unity. To meet this constraint, some studies have used Dirichlet distribution as a prior for the fractional contribution (Fox & Papanicolaou, 2008; Massoudieh et al., 2013) , whereas other studies used transformation such as centered log-ratio (CLR) (Semmens et al., 2009) , isometric log-ratio (ILR) (Egozcue et al., 2003; Parnell et al., 2013; Cooper et al., 2015) and additive log-ratio (ALR) (Brewer et al., 2005; Palmer & Douglas, 2008) . In this study, a CLR transformation was used, as it has been shown to produce median values comparable with other methods, but with better precision (Cooper et al., 2014) . The transformation applied is thus:
where g(p i ) is the geometric mean of the proportion vector. Figure 4 shows a directed acyclic graph of the model. Compared with an empirical Bayesian approach in which some prior parameters are estimated using deterministic data, the full Bayesian approach employed here needs to specify prior distribution for all parameters. When there is little information about the parameters, using informative hyper-parameters causes biased results. In this study, weakly or non-informative hyper-parameters were used. Multivariate normal and inverse-Wishart distributions were selected as prior distribution for sources means and covariance matrix, respectively.
Here, the hyper-parameter θ s was set to the sample means of the fingerprints and τ s was set as a diagonal matrix with values 0.01 on the diagonal. For Wishart distribution, the hyperparameter Ω X s is a diagonal matrix with value 1 as diagonal elements and ρ X S was set to six (to reflect the lack of information on the precision matrices, and the number of tracers selected for the fingerprint). Similar prior distribution and hyper-parameters were assigned for sediment covariance matrix.
Weakly informative hyper-parameters N(0,1) and Inv-Γ(2,1) were assigned for μ ϕ and τ ϕ , respectively.
The complete posterior distribution of all model parameters for sediment sample Z j can thus be written as
As the joint posterior of all parameters is complex and highdimensional, we cannot directly obtain posterior distribution functions, but the Bayesian model thus defined can be analyzed using Markov Chain Monte Carlo (MCMC); we have used the WinBUGS package (Lunn et al., 2000) to derive parameter estimates. MCMC methods require that the chain reaches a steady state, and the number of runs required to reach this state is considered as burn in. The model was run by taking 50 000 000 times from the posterior distribution from the sand dune and source samples, and the first 5 000 000 runs were considered as burn in. The large number of iterations was used to ensure convergence, despite the model's complexity and high dimensionality; the model converged during the run, as assessed by trace plots of simulations, Monte Carlo Error (MCE) and autocorrelation.
To quantify uncertainty on the posterior sample mean (that is, MCE), we use the standard error of posterior sample mean, to enable assessment of convergence of the MCMC samples and to measure precision. It is suggested that MCE needs to be less than 0.1% of posterior standard deviation (Ntzoufras, 2009) . In this study batch mean method was used to calculate MC error. In this method, the first posterior samples are partitioned in K batches, and the next batch mean G θ ð Þ b À Á and overall sample mean (G(θ)) were calculated by:
Finally, MC error (MCE) is calculated as the standard error of batch means:
Results
Grain size data are presented in Table I to enable consideration of potential sorting effects during aeolian transportation. The sources reveal very similar physical grain sizes, and it is worth noting that whilst the Qc unit is mapped as a 'clay flat', the sediment sampled for analysis is dominantly sand. The erg, on the other hand, as might be expected as a result of aeolian transport and deposition is better sorted, and less enriched in the coarse and very coarse sand fraction. The individual dune sand samples retain marked variability, with the very-fine (62.5-150 μm) fraction ranging from 37% to 65%, and a single sample (8) retaining a substantial coarse (> 600 μm) component.
The Kruskal-Wallis H test (i.e. one-way ANOVA) was performed on geological units Egm, Qc and Qt2. Results identified 25 significant tracers between these groups ( Table II) . Tracers that failed this test (P > 0.05) were removed. These were: Nd, Sm, Gd, Tb, Dy, Yb, Lu, (Nd/Yb), (Gd/Yb) n , (La/Sm) n , V, Cr, Co, Ni, Cu, Zn, Y, Zr, Nb, Ta, U, As, Bi, Cd, Ge, In, Mo, Sb, Se, Te, W, Mn, Si, 143 Nd, 144 Nd and 86 Sr. While the successful discrimination of different tracers between geological units will vary when this method is applied to settings other than this location, the presence of 25 tracers with significant discriminatory power suggests that this method may be applicable in diverse geological settings and/or areas with contrasting weathering regimes.
According to the DFA, a total of six individual tracer properties (Rb, Sr, 87 Sr, (La/Yb) n , Ga and δCe) were selected for the optimum composite fingerprint, which correctly discriminated 81.6% of the source type samples ( Figure 5) .
Although DFA results suggested that good source discrimination was achieved, with clear separation of the three group centroids, samples sourced from Qc were found to slightly overlap with the Qt2 source when the first two discriminant functions were plotted, and, to a lesser degree Qt2 and Egm also overlap slightly ( Figure 5 ). The mean and SD of six optimum composite fingerprints that were selected for the Bayesian mixing model, are presented in Table III . These were tested for normality via Wilks-Shapiro tests (Table IV) , and the raw data revealed that the Sr and δCe tracers did not follow a normal distribution for all settings. To account for this, Box-Cox transformations (Box and Cox, 1964) were applied to all data, and the transformed data were used for model experimentation.
The derived source contributions for the eight sand dune samples are presented in Table V and Figure 6 . Overall, the alluvial fans and terraces (Qt2) provide the most abundant supply of sands (mean contribution across all eight samples = 45.4%, and locally up to 92.7%), with the clay pans (Qc) and Eocene marls (Egm) each contributing around a quarter of the net sediment aeolian flux. However, the composition of the dune sands is highly variable, with different samples dominated by different contributing sources, and locally, all three of the potential sources occur as both maxima and minima.
Discussion
Development of a Bayesian mixing model to discriminate aeolian sediment pathways
The mixing model to fingerprint aeolian sediment sources deployed in this study used composite signature comprising a suite of six geochemical characteristics (Rb, Sr, 87 Sr, La:Yb, Ga and δCe) identified by stepwise DFA as the most appropriate, and was able to account for >82% of the variance between the three sources. The suite of properties selected by the DFA method most likely reflects two principal factors; the ultimate source of the sediments, and the degree of weathering. The latter might well have variable influence across the source areas, and hence there is some overlap between samples of each class. High La:Yb ratios, for instance, are typically associated with deep igneous lithogenesis (Defant and Drummond, 1990) and may locally reflect differing sediment contributions from the Precambrian crystalline basement provinces of central Iran. δCe, similarly, is often associated with intrusive igneous rocks, although it may also be enriched in some sedimentary rocks (Wedepohl, 1978) ; in this study, the highest concentrations are found in the alluvial fans derived from the adjacent igneous mountains, but the second highest concentrations are found in the sedimentary marls of the Egm unit (Figure 2 ). In short, the highly varied geology of central Iran, ranging from Precambrian magmatic rocks to Cenozoic marine sediments, promotes a high degree of variance in the geochemical fingerprint of modern aeolian sediments. Compounding this is the range of weathering intensities seen, from the intense weathering history of the sediments of Quaternary clay pans, to the more moderate weathering of the sands of the alluvial fans forming the piedmonts of the neighbouring ranges.
Potential for application to other aeolian depositional settings
Despite the usefulness of understanding the provenance of aeolian sands, the sophistication of unmixing models within the aeolian science community generally lags that of fluvial science, in particular in terms of the numerical underpinning of methods applied. Indeed, many such studies attempt to derive provenance estimates only qualitatively (Fitzsimmons et al., 2009) , or, in the few recent cases where robust unmixing models have been applied, relatively simple approaches to incorporating uncertainty into models have been taken (Liu et al., 2016) .
The successful application of a Bayesian model within an MCMC framework to aeolian sands of a small erg in this study demonstrates the potential of this approach more widely. It is particularly likely to complement detrital zircon U-Pb dating provenance studies, and may prove especially useful in settings where there are insufficient zircon grains to enable the application of this method (Thorpe et al., 1992; Nie and Peng, 2014; Ren et al., 2014; Jia et al., 2015) . Further application of the methods demonstrated here is required to test the ability of such methods globally, but these results suggest a promising future, and a new direction for aeolian provenance studies. For instance, it would be useful to explore the power of these methods in larger-scale settings, such as the continental dunefields of southern Africa and Australia, where provenance studies have been used to explore the relationship between tectonic setting and sedimentation (Garzanti et al., 2014) and explore the long-term evolution of landscapes (Pell et al., 1997 (Pell et al., , 2000 . This will also elucidate the importance of diversity of local geology and weathering regimes in producing sufficiently distinctive fingerprints.
Accurate propagation of the uncertainties associated with the component contributions is also a valuable aspect of the methodology employed here and allows more realistic interpretation of the data. For instance, the most abundant two source components of samples E (Qt2 = 62.3%; Qc = 23%) and D (Egm = 56.3%; Qc = 28.7%) might suggest similar proportions of the major components at these dunes; roughly 60:25. However, consideration of the lower confidence of the fingerprint of sample D (Figure 6 ) reveals that while the composition of this sample is much more open to interpretation, sample E is quite clearly dominated by the alluvial fan-derived sands (Qt2).
Implications for aeolian sediment transport pathways
Overall, the surrounding Quaternary fans and terraces contribute most (~45%) to the composition of Ashkzar erg; yet this is a Table IV . Normality tests on the raw data for the tracers selected for the fingerprint revealed that two tracers (Sr and δCe) were not normally distributed for the Qt2 unit; for this reason, Box-Cox transformations were performed on all data, which did provide normal distributions for all tracers disproportionately low value, given that they represent 78% of the surrounding area. Conversely, the size of the overall contributions from the Quaternary clay flats (~26%) and Eocene marls (~28%) to the samples studied reveals the importance of these landscape units as sediment sources, given that these units occupy only 13% and 7% of the surrounding area, respectively. The importance of the marls as a source sediment, which outcrops only to the north of the Ashkzar dunefield, suggests that net wind regime alone cannot be considered as indicative of the net sediment transport in the region (Figure 1 ), as westerly winds are equally strong here yet import much less sediment. Both the wind regime and potential sediment sources must be considered when evaluating net aeolian sediment flux. There is much spatial variation in the composition of the dune sands of Ashkzar erg (Figure 6 ). Even before the geochemical composition of these sands in considered, such variability is evident from the differing grain size profiles in the eight samples investigated here (Table I) . Sample G, from the far south of the dunefield, contains~20% coarse sands (defined here as >600 μm), an unusually high figure for an aeolian dune, although this sample is taken close to the border with the mapped region of slipfaceless dome dunes, which tend to accumulate from coarser sands (Lancaster, 1995) . That said, sample H, from within the dome dunes, is not unusually coarse.
Broadly, and considering the uncertainties presented by the methodology proposed herein, two groups can be discerned within the samples geochemically analysed for provenance ( Figure 6 ). Samples taken from along the south and west of the dunefield (B, E, F and G) are dominated to varying degrees by sediment from the surrounding Quaternary fans and terraces (i.e. source unit Qt2), whereas most samples to the north and east (A, D and H) show much greater contributions from the Eocene marls (Egm) and clay flats (Qc). However, the division is not clear-cut; sample C, in the northeast of the dunefield, has a dominant component from the Qt2 unit (with the second component only very slightly overlapped at 2σ confidence levels).It is, perhaps, unsurprising that the more northerly samples tend to show an increased input from the Eocene marls (Egm), as these units have been shown to contribute disproportionately to the sediment flux in the area, and also outcrop exclusively on the northern side of the valley (Figure 1) .
The provenance of the sands is even less readily correlated with dune morphology, with the Qt2-dominated sands occurring within three defined dune morphological zones (barchans, barchanoid ridges and asymmetrical barchans). Samples A and B, the closest pair of samples studied (~2.2 km apart), yield very different provenance fingerprints, despite both lying within the region of Ashkzar erg dominated by barchanoid ridges. The overall morphology of the dunes (Figure 3 ) supports spatially and /or temporally variable sediment availability, with the transformation of barchans to barchanoid ridges essentially being sediment-supply controlled, and asymmetric barchan/ linear forms believed to be the result of asymmetries of sediment supply, or changes to the wind regime (Bagnold, 1941; Lancaster, 1995) .
The heterogeneity in the sediment provenance evident here suggests that either (a) some kind of fractionation of the aeolian sediment flux is occurring, with different sources depositing sediment at different locations, or (b) different sediment transport pathways have been active intermittently and asynchronously during the formation of the dunefield. The similar physical composition (i.e. grain size) of the sources, and the lack of evidence of systematic variation across the dunefield, would tend to support the latter suggestion. Different sediment pathways might result from different sources becoming more or less active over time, or might result from changing wind regime over long (i.e. late Quaternary) timescales. The heterogeneity evident also suggests that during dune accumulation periods, large-scale mixing of aeolian sands from different sources (which might be expected given transport distances of 10-50 km) is not occurring. In the absence of any chronological control for these dunes, such hypotheses cannot be conclusively tested currently, but establishing the relative roles of spatial and temporal variability in dune accumulation would be a worthwhile exercise.
Conclusion
In dryland environments, understanding the main sources for aeolian sediments is an essential step in developing management strategies to reduce aeolian sediment loadings and wind erosion. Establishing aeolian sediment pathways, however, is not usually straightforward and is complicated when multiple potential source areas might contribute to a region of net sand accumulation. The method proposed here, based on methodologies applied to fluvial sediments, uses a suite of geochemical data to identify the most apposite characteristics (the 'fingerprint') for discerning superficially similar sources of aeolian sediment. Whereas these methods have become widely adopted in fluvial geomorphology and catchment science over the past two decades, they remain almost unused in aeolian science. Here, it has been successfully demonstrated on fine sand in a small dunefield in central Iran, but it might be applied equally to dust (i.e. silt) flux, although longer transport distances are liable to prove more difficult to fingerprint unless relatively discrete and distinct sources can be identified. The use of MCMC methods to provide confidence estimates in the mixing model output enables more rigorous interpretation of the relative importance of different sediment sources.
This method revealed within Ashkzar erg unexpected spatial heterogeneity of dune composition (and thus provenance), which has a complex relationship with the position within the dunefield, the dune type and other physical characteristics. The Eocene marls in the surrounding area have been shown to contribute disproportionately to the sediments of the dunes. In terms of management of sand and dust hazard at this location, both the original source areas and those parts of the dunefield enriched in the Egm component might be viewed as priority targets for landscape stabilization efforts, due to their apparent propensity for aeolian mobilization.
More widely, the methods proposed here for aeolian provenance unmixing method can be applied to any mixed-source aeolian sediment to elucidate differing susceptibilities to aeolian deflation, and reveal transport pathways at timescales longer than those possible by either field study or remote sensing. Disciplines which might benefit from the adoption of such methods include not just aeolian geomorphology, but also dryland land management, soil science, engineering geology and potentially palaeoenvironmental and palaeoclimatological studies. A combination of the methods presented herein with geochronological studies may enable calculation of flux rates to provide quantification of long-term sediment fluxes, even when, as is very often the case with aeolian sediments, transport pathways are complex and multi-phase.
